The neutral data envelopment analysis (DEA) model is an alternative way to determine the weights in DEA cross-efficiency evaluation, while avoiding the difficulty in making a choice between the aggressive and benevolent formulations. However, the weights determined by the neutral model merely make the efficiency of part output bigger than other sets of weights. The neutral model is not able to make the efficiency of each output of the DMU biggest among the favorable weights. This neutral model is not purely "neutral" and not most favorable to the DMU. We proposed a revised model for the neutral model. Based on the idea that the DMU should choose a set of weights to maximize its own efficiency, this paper proposes a new cross-efficiency model. The weights determined by the two models are neutral, neither aggressive nor benevolent.
Introduction
Data envelopment analysis proposed by Charnes et al. [1] is a nonparametric method to identify the production frontier and to measure the efficiency of homogenous decisionmaking units (DMUs) with multiple inputs and multiple outputs. DEA traditional model (CCR and BCC) measures the relative efficiency of DMU relative to its own subpoint on the production frontier. As long as the DMU is on the production frontier, it is the DEA efficient point and the CCR value is equal to 1. Since there is often more than one DMU on the production frontier, more than one DMU is often evaluated as DEA efficient and cannot be discriminated any further. Lacking of the discrimination power becomes the major drawback of the traditional DEA model.
To solve this problem, some scholars have extended the traditional DEA model and proposed some new approaches to improve the discrimination power of traditional DEA model. One such method is DEA super efficiency model [2] that will lead to the efficiency value of efficient DMUs to be larger than 1, which will further distinguish the efficient DMUs. Another method is DEA common-weight evaluation [3] . Unlike the traditional DEA model in which each DMU uses its own favorable weights to measure the efficiency, the DEA common-weight evaluation adopts the common set of weights to measure the efficiency of all DMUs. There are still other methods, such as the multivariate statistics ranking technique [4] , the benchmark ranking method [5] , the DEA multicriteria decision-making method [6] , and the contextdependent DEA technique [7] .
DEA cross-efficiency evaluation as an extension to DEA is a commonly used method to improve the discriminative power of the traditional DEA model. The cross-efficiency evaluation utilizes self-evaluation and peer-evaluation to evaluate the efficiency of each DMU. The concept of crossefficiency evaluation was first proposed by Sexton et al. [8] and was later developed by Doyle and Green [9, 10] . In the cross-efficiency evaluation, each DMU determines a set of weights among all the favorable weights based on some ways. That will lead to sets of weights. sets of weights will lead to efficiency values for each DMU. The final average efficiency value for each DMU will be computed by assembling the efficiency values. The rank of DMUs is determined by the final average efficiency value of DMU. It is believed that the overall efficiency value calculated by cross-efficiency evaluation can guarantee a unique ordering for the DMUs and can be used with few DMUs (e.g., four or five) to produce a unique ranking ordering [10] .
Because of the powerful discrimination among DMUs, the cross-efficiency evaluation has been widely applied in efficiency evaluation of nursing homes [8] , project ranking and preference voting [11] , efficiency evaluation of countries in the Olympic Games (Wu, Liang, and Chen 2009), fixed cost and resource allocation [12] , portfolio selection in the Korean stock market [13] , supplier selection under uncertainty [14] , and so on. However, the nonunique solution to the traditional DEA model (CCR) limits the application of DEA rossefficiency. How to solve this problem is the focus of the research of DEA cross-efficiency. Using the secondary goal models is the main method to solve this question. Up to now, there are many secondary goal models proposed by many scholars such as aggressive and benevolent models proposed by Doyle and Green [9] , the neutral model by Wang (2010) , the weight-balanced model by Wu et al. [15] , the maximin model by Lim [16] , and the satisfaction degree model by Wu et al. [17] . The aggressive and benevolent models proposed by Doyle and Green [9] are two classical ways among the many models. The aggressive (benevolent) model minimizes (maximizes) the average efficiency of other DMUs. The neutral DEA cross-efficiency model suggested by Ying-Ming Wang (2010) offers the new idea to solve this question. Wang considered that the particular DMU should choose a set of weights which is most favorable to itself not considering whether it is favorable or not to other DMUs. The neutral model maximinimizes the efficiency of each output.
To avoid the difficulty in making a choice between the aggressive and benevolent formulations in DEA crossefficiency evaluation, Wang and Chin [18] put forward a neutral DEA model for the cross-efficiency evaluation, which maximinimizes the relative efficiency of each output. The neutral DEA model was proposed on the idea that "when a DMU is given an opportunity to decide a set of input and output weights, what the DMU is concerned most about is whether the weights can be as favorable as possible to itself." However, the weights determined by the neutral DEA model can just make the efficiency of part outputs higher. That leads to the neutral DEA model proposed by Wang and Chin [18] being not very consistent with its modeling idea. To address this issue, we propose a revised model. We further propose a new model based on the idea that according to self-interest principle the DMU will select a set of input and output weights among the favorable weights to maximize its own efficiency.
The rest of the paper is organized as follows. Section 2 briefly introduces the cross-efficiency evaluation and its aggressive and benevolent formulations. Section 3 reviews the neutral DEA mode suggested by Wang and Chin [18] and proposes a revised model. Section 4 proposes a new model based on the self-interest principle. Section 5 makes a comparison among these above models through the numerical examples. Section 6 offers the conclusions.
The Cross-Efficiency Evaluation
Suppose there are DMUs to be evaluated with inputs and outputs. Denote by ( = 1, . . . , ) and ( = 1, . . . , ) the input and output values of DMU ( = 1, . . . , ), based on the input and output ratio, whose efficiencies are defined as
where V ( = 1, . . . , ) and ( = 1, . . . , ) are, respectively, the input and output weights. Consider a DMU, say, DMU , ∈ {1, . . . , }, whose DEA CCR-efficiency value can be computed by the following CCR model [1] :
When the value is equal to 1, it means that DMU is DEA efficient. The input and output weights determined by the model are favorable to DMU . Because the weights determined by CCR model are favorable to the DMU , the CCR value has been viewed as the self-evaluation. By using Charnes and Cooper transformation (Charnes and Cooper, 1962) , model (2) can be equivalently transformed into the linear program (LP) below for solution:
Let * ( = 1, . . . , ) and V * ( = 1, . . . , ) be the optimal solution to the above model. Then, * = ∑ =1 * is referred to as the CCR-efficiency value of DMU , which is the self-evaluated efficiency of DMU . As such, = ∑ =1 / ∑ =1 V is referred to as a cross-efficiency value of DMU according to the favorable weights of DMU and reflects the peer-evaluation of DMU to DMU ( = 1, . . . , ; ̸ = ). Model (3) is solved times, each time for each DMU. As a result, there will be sets of input and output weights available for DMUs and each DMU will have ( − 1) cross-efficiency values that are peer-evaluation and one CCRefficiency value that is self-evaluation, which form a crossefficiency matrix, as shown in Table 1 , where ( = 1, . . . , ) are the CCR-efficiencies of the DMUs; that is, = * . The average efficiency of DMU is measured by the one CCR-efficiency value and ( − 1) cross-efficiency values; namely, 
=1
Based on their average cross-efficiencies, the DMUs can usually be fully ranked.
It is noticed that model (3) may have multiple optimal solutions. This nonuniqueness of input and output weights would damage the use of cross-efficiency evaluation. To solve this problem, one solution suggested by Sexton et al. [8] is to introduce a secondary goal to gain a unique set of the input and output weights among the multiple optimal solutions determined by the CCR-efficiency model (3) . The most commonly used secondary goal functions were suggested by Doyle and Green [9] and are shown below:
Model (5) is commonly called the aggressive formulation for cross-efficiency evaluation which aims to minimize the cross-efficiencies of the other DMUs, whereas model (6) is known as the benevolent cross-efficiency evaluation which maximizes the cross-efficiencies of the other DMUs. Since the two models obtain the input and output weights in two different ways, there is obviously no guarantee that they can lead to the same efficiency ranking or conclusion for the DMUs.
The Neutral DEA Model
To avoid the difficulty in making a choice between the aggressive and benevolent formulations, Wang and Chin [18] put forward a neutral DEA model based on the idea that when a DMU is given an opportunity to decide a set of input and output weights, what the DMU is concerned most about is whether the weights can be as favorable as possible to itself. It should not care too much about how to be aggressive or benevolent to the other DMUs. The neutral model is shown below:
where / ∑ =1 V is the efficiency of the th output of DMU . Obviously, the goal of the above model has nothing to do with the other DMUs. It determines the input and output weights just from the viewpoint of DMU itself. The DM has therefore not to make any difficult yet subjective choice between the aggressive and benevolent formulations. Through Charnes and Cooper transformation, model (7) can be converted into the following LP for solution:
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where ( = 1, . . . , ), V ( = 1, . . . , ), and are decision variables. Like all DEA models for cross-efficiency evaluation, model (8) needs to be solved times, each time for one different DMU. Accordingly, there will be sets of input and output weights available for cross-efficiency evaluation.
Since * is fixed, the efficiencies of all the outputs determined by this neutral model are not biggest among the favorable weights. For example, if we want to measure the efficiency of the DMUs which consume two inputs to produce two outputs, we supposed that one of the DMUs such as is the DEA efficiency; that is to say * is equal to 1. If there are two sets of weights that are favorable to DMU , the first set of weights leads to the efficiency of 1 and 2 being 1/2 and 1/2 that is computed through the formulation / ∑ =1 V according to model (7) and second set of weights leads to the efficiency of 1 and 2 being 1/3 and 2/3. Because of the first set of weights is 1/2 and of the second set of weights is 1/3, so the DMU will choose the first set of weights to calculate the cross-efficiency of DMUs but the first set of weights determined by model (7) just ensures that the efficiency of 1 is bigger (1/2 > 1/3, 1/2 < 2/3). Obviously model (7) just can ensure that the efficiencies of all the outputs are close to each other. Model (7) proposed by Wang and Chin [18] is not fully followed by its modeling idea that when a DMU is given an opportunity to decide a set of input and output weights, what the DMU is concerned most about is whether the weights can be as favorable as possible to itself.
Based on the above analysis, we suggest a revised model. The revised model is shown below:
Obviously, model (9) is more consistent with the modeling idea proposed by Wang and Chin.
The New DEA Model
According to the weights determined by the second goal to be aggressive or benevolent to the other DMUs, Doyle and Green propose the aggressive and benevolent DEA cross-efficiency model. However, according to the self-interest principle in economics, the DMU tends to choose a set of input and output weights to maximize its own efficiency among the favorable weights. Based upon this point of view, we construct the following DEA model for cross-efficiency evaluation. The model is shown below:
The above model standardized the input and output weights determined by the CCR model. It also means that the DMU chooses a set of weights to maximize its efficiency among the favorable weights where both of the sum of the inputs weights and sum of the outputs weights are all equal to 1. Model (10) recovers the CCR value at the same base that both of the sums of the inputs weights and outputs weights are equal to 1 and then compares the original and absolute values.
Numerical Examples
In this section, we provide two numerical examples to illustrate the practical applications of the proposed DEA model in the cross-efficiency evaluation and make a comparison among the mentioned DEA cross-efficiency evaluation models.
Example 1 (efficiency evaluation of seven departments in a university (Wong and Beasley, 1990)). Seven academic departments (DMUs) in a university are evaluated in the case of three inputs and three outputs given below and Table 2 shows their data: Since the CCR-efficiencies evaluate six of the seven academic departments as efficient and cannot discriminate among them any further, cross-efficiencies are computed. Tables 3 and 4 show the aggressive and benevolent crossefficiencies results, which are, respectively, obtained through model (5) and model (6). It is very clearly shown that the two different formulations result in the different efficiency rankings for the seven academic departments. In particular, the aggressive cross-efficiencies in Table 4 evaluate DMU 1 as the most efficient academic department, whereas DMU1 is in the third place evaluated by the benevolent cross-efficiencies in Table 5 . The two different efficiency rankings to some extent damage the practical application of cross-efficiency evaluation which claims to produce a unique ordering for DMUs. To avoid the difficulty in making a subjective choice between the two different formulations for cross-efficiency evaluation, Wang and Chin [18] proposed a neutral DEA model (7) to evaluate the seven academic departments. The results are shown in Table 5 . Since these efficiencies are neither aggressive nor benevolent, they are more neutral. The average cross-efficiencies in Table 5 clearly show that DMU 1 is in the second place.
We propose a revised model (9) to reevaluate the crossefficiencies of the seven academic departments. The results are shown in Table 6 . The results show that the DMU 6 is the most efficient academic department. Based on the self-interest principle, we suggest model (10) . The crossefficiencies in Table 7 calculated by model (10) also evaluate the DMU 6 as the most efficient academic department. However, the ranks of the DMU 1 and DMU2 and DMU3 and DMU5 are different by the two different formulations.
Using the FPI to measure the false positiveness of DMUs, the results of the FPI value are shown in Table 8 , where the FPI was computed by (Baker and Talluri, 1997)
It is seen that none of the six DEA efficient academic departments is highly false positive. However, the non-DEA efficient academic department DMU 4 shows high false positiveness. This means that there is a significant difference between the self-evaluation and peer-evaluation of DMU 4 . Usually, a lower value of the FPI is more preferred. The most efficient DMU is undoubtedly the one with the lowest FPI value, as highlighted in Table 8 .
Example 2 (efficiency evaluation of 14 international passenger airlines (Tofallis, 1997)). Fourteen major passenger airlines are evaluated in terms of three inputs and two outputs that are defined below:
1 : aircraft capacity in ton-kilometres 2 : operating cost 3 : nonflight assets such as reservation system, facilities, and current assets 1 : passenger kilometres 2 : nonpassenger revenue Table 9 shows the input and output data of the 14 passenger airlines in the year 1990 along with their CCRefficiencies, which evaluate seven out of the 14 passenger airlines as DEA efficient and cannot distinguish them any further. Tables 10 and 11 show, respectively, the aggressive and benevolent cross-efficiencies of the 14 passenger airlines. It is found that the two different formulations for cross-efficiency evaluation lead to two different efficiency rankings again. According to the aggressive cross-efficiencies in Table 10 , the DMU 5 is the most efficient passenger airline. However, the benevolent cross-efficiencies in Table 11 evaluate DMU 11 as the most efficient passenger airline. The inconsistent results in efficiency ranking obviously cause confusion for the DM. This issue causes the choice difficulty for the DM. In comparison with the aggressive and benevolent crossefficiencies in Tables 10 and 11 , the neutral cross-efficiencies are presented in Table 12 , which are obtained by the neutral DEA model (8) . Neutral cross-efficiencies in Table 12 evaluate DMU 11 as the most efficient airline.
The cross-efficiencies in Table 13 computed by the revised model (9) show that the DMU 11 is the most efficient airline. Table 14 obtained by solving the new DEA cross-efficiency model (10) evaluates the DMU 13 as the most efficient airline. Table 15 shows the values of FPI of the 14 passenger airlines, from which it is seen that none of the seven DEA efficient passenger airlines is highly false positive, but a non-DEA efficient passenger airline DMU 2 reveals the highest false positiveness value. This implies that the self-evaluation of DMU 2 is significantly different from its peer-evaluation. The most efficient passenger airline is the DMU with the lowest FPI value, as highlighted in Table 15 .
Conclusions
Cross-efficiency evaluation is an important and popular tool to evaluate and rank the efficiency of the DMUs. The classical DEA cross-efficiency evaluation formulations are the aggressive and benevolent models proposed by the Doyle and Green. However, the two models often cause different ranking of the DMUs. This issue causes a choice difficulty for the DM between the two different formulations. To solve this issue, Wang and Chin [18] propose a neutral model. Through the deep analysis of this neutral model, we suggest a revised model. Based on the self-interest principle, we further propose a new model. The weights are determined by the new model purely from its own point of view without the need to be aggressive or benevolent to the other DMUs. The model is more logical and more in line with code of the conduct of rational DM.
Because the models proposed in this paper are the nonlinear programming models, it is a little difficult to compute relative to linear programming models. This paper determines the importance level of the outputs by the different weights of output computed by the neutral model. There may be some other feasible ways such as the prices of the outputs. 
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